1 Border region and sample Our sample consists of i) 32 villages selected by the NRC to receive an economic recovery program after the crisis, 1 ii) 32 "comparison villages" selected using pre-treatment census data and Mahalanobois matching, and iii) 16 villages selected by the Government of Liberia to serve as "host villages", where refugees were encouraged to settle and aid agencies were encouraged to channel their relief efforts while more permanent camps were being constructed.
Appendix Table 1 uses 2008 Census data to compare in-sample communities to the remaining population of rural communities in Nimba, Grand Gedeh, River Cess, and Maryland counties. In sample communities are larger on average than the full population of communities, probably because the census includes small communities as distinct communities. The sample is otherwise balanced.
We might be concerned that this program influenced hosting behavior, as host villages were exposed to greater, more diverse numbers of refugees and greater humanitarian services. Three points alleviate our concerns. First, the program began in Spring of 2011, roughly five months after the start of the refugee crisis (when the need for resident's to host was most In-sample communities are larger on average than the full population of communities, probably because the census includes small communities as distinct communities. The sample is otherwise balanced.
urgent). Second, the definition of hosting used in the survey (accepting refugees to "sleep under your roof and eat from your pot") is distinct from the type of support offered in the 16 villages program, where separate structures were constructed for refugees. Third, our analysis uses village fixed effects, thereby ensuring that local or regional differences do not account for our results. Unsurprisingly, results are substantively unchanged when excluding host villages.
Conjoint experimental design
Pictographs were printed in black and white as 3 x 3 inch squares. Each attribute level was placed back-to-back with its conjugate, then laminated. Each enumerator thus had 10-double sided squares (5 for each profile), and would present them according to the instructions provided by the computer-assisted interview (CAI) device. The picture below displays practice survey enumeration during enumerator training (at the time, only four attributes were being used). After both profiles were laid down, respondents were asked to repeat both profiles to ensure full comprehension. Randomization was conducted via the survey software, and the order in which attributes were presented was randomly assigned to rule out ordering effects.
Selection into violence and sensitivity analysis
Underlying our claim that violence has a causal affect on altruistic behavior toward refugees is the assumption that exposure to violence was independent of potential hosting behavior conditional on covariates. In this section, we outline some reasons to believe this assumption holds. Second, we examine sources of selection empirically. Finally, we conducted a sensitivity analysis in the spirit of Imbens (2003) .
Historical accounts of violence
The civil war was characterized by a high degree of indiscriminant violence by undisciplined fighters on all sides of the conflict (Ellis 2001; Lidow 2011) . In addition, several factors limited civilians' ability to avoid violence. First, the flow of information during the conflict was extremely limited due to the total absence of modern information technologies. The nonavailability of reliable information limited the extent to which civilians could avoid violence. This was exacerbated by frequent changes in territorial control by various rebel groups (Ellis 2001; Lidow 2011) . Second, travel for civilians was done by foot, and was extremely hazardous. This raised the cost of flight, keeping citizens in dangerous territories. Often, civilians preferred to travel through the bush rather than use the roads, lest they encounter rebels notorious for their indiscipline.
To be sure, there was also a significant degree of targeted violence. Some individuals were targeted based on their ethnicity. Survival at checkpoints was often a matter of whether fluency in the rebels' preferred dialect (Ellis 2001) . Village chiefs and their kin, in particular, were targeted, as well as families of wealth or status. Having a "big belly" at a checkpoint was a distinct risk factor (Ellis 2001 ). Table 2 examines the correlates of violence exposure empirically. Consistent with the discussion above, the results suggest that relation to the chief, prewar household livestock ownership and prewar formal sector employment are associated with higher levels of violence. However, because these variables are weak predictors of hosting behavior (See, they are unlikely to confound our analysis. We also control for these variables along with socio-demographic indicators in our analysis, and conduct sensitivity analyses to unobserved selection into violence that may correlate with contemporary outcomes. 
Balance

Sensitivity to unobservables
This section uses selection on observables to assess the potential bias from unobserved omitted variables, following (Oster 2017) . The idea is to use the bias eliminated by observed covariates to assess the potential bias of unobserved variables. Formally, consider the following linear regression models: 
where β, the effect of some treatment X, is the coefficient of interest, W 1 is a set of observed control variables, and W 2 is a set of unobserved control variables. Equation (1) refers to the true model and returns an unbiased estimate of β. Equation (2) consists of the full set of observed control variables -i.e. the main estimation equation in the paper. Estimates ofβ will be biased unless W 2 is uncorrelated with either X, Y , or both. Equation (3) is a naive model. Estimates ofβ will be more biased than those ofβ.
The Oster (2017) approach uses coefficient movements between the naive estimate (β) and the controlled estimate (β) combined with movements in R-squared values to gauge the degree of potential omitted variables bias. Heuristically, estimates that move little with the inclusion of control variables that cause substantial increases in R-squared are indicative of limited omitted variables bias. The approach relies on two assumptions. The first assumption is the so-called "coefficient of proportionality", δ, which is degree to which the observed controls (W 1 ) determine treatment relative to the unobserved (W 2 ). δ = 1 allows the unobserved controls to be as influential as the observed controls. This assumption is likely to hold when the observed controls are among the strongest determinants of treatment.
The second assumption is the maximum R-squared value (R 2 max ) from the hypothetical estimation of Equation (1), the true model. R 2 max and R 2 controlled (from Equation (2)) determine the explanatory power of unobserved omitted variables after accounting for the observed control variables. In the presence of measurement error or idiosyncratic variation in the outcome, R m ax 2 < 1. Oster (2017) shows that with assumptions about R 2 max and δ it is possible to use coefficient movements in β between the naive and controlled regressions to calculate the potential bias from omitted variables. This results in an identified set, bounded on one side by the controlled estimate and on the other by the bias-adjusted estimate, that contains the unbiased estimate. A result is deemed robust if the identified set excludes zero.
Note that using coefficient stability between Equations (2) and (3) to argue for causality is equivalent to arguing treatment is unconditionally exogenous:β varies little fromβ because W 1 does not confound. And because W 1 does not confound, W 2 is also unlikely to confound (especially when we believe W 1 constitutes the strongest determinants of treatment). The framework can easily be extended to the case where treatment is believed to be exogenous only after conditioning on a set of control variables, M. In this case, the variables in equations (1)- (3) are first residualized with respect to M (equivalently, M is included in equations (1)- (3)).
How to select conservative values for R 2 max and δ? Oster (2017) re-analyzes experimental studies to identify conservative values of R 2 max and δ under which a non-zero bias-adjusted effect would be consistent with exogenous treatment assignment. These parameter values are then recommended as a robust reporting standard. The intuition of this test follows from the discussion above: observational studies implicitly argue that the treatment is exogenous. Including controls should not change the coefficient because there is no confounding. In experimental studies, this assumption is known to hold. Control variables will still influence the coefficient estimate due to idiosyncratic imbalance across groups. Thus it is possible to use the stability of treatment estimates in randomized data as a guide to how much stability would be expected in observational data if the treatment were assigned exogenously. To do so, Oster (2017) draws on a large sample of randomized studies published in American Economic Review, Quarterly Journal of Economics, Journal of Political Economy, Econometrica and the American Economic Journal Applied Economics from 2008 through 2013.
Oster 2015 assumes the effects estimated in randomized data are causal and that they should therefore survive the bias-adjustment procedure. Robustness cutoff values are based on the value of R 2 max and δ under which the bias-adjusted effect is distinct from zero in 90 per cent of experimental studies. This leads to the values of R 2 max = 1.3 × R 2 controlled and δ = 1, Substantively, this assumes unobservables explain as much of the variation in treatment as the observables and explain 30 per cent of the variation in the outcome explained by the included controls. For full details, see (Oster 2017) .
In our set-up, violvict is the effect of interest, W 1 includes the full set of covariates reported in Table 2 , including village fixed effects, and W 2 is the set of all unobserved confounders. Our test is conservative in two respects. First, we exceed Oster (2017)'s recommended standards for robustness by setting R 2 max = 2 × R 2 controlled and δ = 1 (rather than R 2 max = 1.3 × R 2 controlled and δ = 1). Substantively, this sets unobservables to be as influential as the full set of control variables (including fixed effects) in explaining both the outcome and treatment. Second, we test the unconditional exogeneity of violvict by excluding any baseline controls (M, from above).
The results of this sensitivity analysis are presented in Appendix Table ? ?. The first column shows the "naive" effect of violvict on the outcome, estimated from a bivariate regression. The second column presents estimates of the fully controlled effect, reported in Tables 2 and 3 in the main article. The third and fourth columns show the bias-adjusted effect and identified set under Oster (2017)'s recommended standards for robustness (R 2 max = 1.3 × R 2 controlled and δ = 1). Under this level of confounding, the identified sets exclude zero. The fifth and sixth columns show the bias adjusted effect and identified set assuming R 2 max = 2 × R 2 controlled and δ = 1. Even under this level of confounding, the identified sets exclude zero. Substantively, the results of this exercise indicate that omitted unobservables would have to be substantially more confounding than observables to reduce effect sizes to zero. Notes: The first column shows the "naive" effect of violvict on the outcome, estimated bivariate regression. The second column presents estimates of the fully controlled effect, reported in Table 2 in the main article. The third and fourth columns show the bias-adjusted effect and identified set under the standards for robustness ( R 4 Supplemental analyses
Main effects, controlling for index of prosocial behavior
This section replicates Tables 2 and 3 from the main paper, controlling for an index of prosocial behavior (contributions to public goods in community in the past 30 days, community group membership and meeting attendance). 
Social norms and hosting
Violence victimization is not associated with: whether the respondent sought out the refugee family herself (Column 1); hosting due to pressure from other community members (Column 3); and only weakly and negatively associated with hosting due to pressure by village authorities (Column 2). Sample restricted to 32 communities covered in the endline sample (See Appendix Section 1).
Selective migration
Another source of potential bias is selective out-migration during and after the war. If out-migration correlates positively with violence and negatively with hosting refugees, our estimates would over-estimate the effect of past violence on the hosting of refugees. To address this concern, we replicate the main results after restricting the sample to the 80 per cent of respondents that were born in the town in which we surveyed them -a sample where concerns about selective migration do not apply. We find that the results are substantively unchanged, suggesting that selective migration is unlikely to be a confounding factor. 
Generalizability
To assess generalizability, we draw on data collected in the same region in 2009 and 2010 by Blattman, Hartman and Blair (2014) , which includes many of the same survey questions on wartime violence exposure. Their survey also asked whether the respondent contributed to sick families in their village in the past month, which fits our definition of altruism as action taken to benefit another at the expense of one's own material welfare. Finally, the survey includes the religion and ethnicity of the respondent. The 2009 and 2010 rounds of the data provide 40 randomly selected respondents per village. We aggregate individual level responses to ethnicity and religion to construct measures of village level ethnic diversity and consider whether the effect of violence exposure is attenuated in diverse settings. Appendix 3 displays the results, and shows that wartime violence is linked to altruism and that this effect is equally strong in diverse villages. This result suggests that the positive relationship between violence exposure and greater altruism toward ingroup and outgroup others generalizes beyond the Ivorian refugee crisis in Liberia. Covariates include: 5 age dummies,whether related to chief prior to war, parental education, whether family owned livestock before the war, prewar family occupation dummies, prewar family business ownership, gender, and ethnicity. Standard errors clustered by village.
4.5 Non-association of violence with past refugee experience 
